Abstract
Introduction
Much of the recent interest in econometrics and empirical finance has centered on modeling the temporal variation in financial markets' volatility. Particularly instrumental to these developments has been the autoregressive conditional heteroskedasticity (ARCH) model introduced by Engle (1982) and the extension by Bollerslev (1986) to its generalized version (GARCH). There is overwhelming evidence of temporal variation in conditional variability of asset returns in industrialized Western economies. Bollerslev, Chou and Kroner, (1992) survey the empirical evidence that shows that this class of models is able to capture many empirical regularities of asset returns, such as thick tails of unconditional distributions, volatility clustering, negative correlation between lagged returns and conditional variance, and positive relation between expected returns and their conditional volatility.
One hypothesis that has been fairly successful in explaining the success of the GARCH class of models has been the mixture of distributions hypothesis (MDH) (Clark, 1973 , Epps and Epps, 1976 , Tauchen and Pitts, 1983 , Lamoureux and Lastrapes, 1990 ). According to the MDH, a serially correlated mixing variable measuring the rate at which information arrives to the market explains the GARCH effects in asset returns. This linkage has been documented, among others, for the US stock market (Lamoureux and Lastrapes, 1990, Kim and Kon, 1994, Gallo and Pacini, 2000) , the UK stock market (Omran and McKenzie, 2000) , and the Australian stock market (Brailsford, addition, in 1994 Russia established an "over the counter" trading system in the form of the Russian Trading System (RTS), which has become one of the largest and most important stock exchanges in Russia. Since September 1, 1995 there has been a daily calculation of the RTS index, which is the official index of the Russian Trading System. The RTS index includes a listing of stocks of principally the largest and most liquid Russian companies, and is published on line at the RTS web server at www.rts.ru, where a detailed description of the methodology of the index calculation can be found. The RTS index is a dollar-denominated weighted index which, due to the methodology of calculation, is much more stable with respect to sharp fluctuations of a single stock price. The historical dynamics of the index reflects the general trends of the Russian stock market developments. From its inception in 1995 to the present, the index has experience two strong opposite movements: the rise in 1996-1997, connected with the general development of the Russian financial system and expectations for the quick revival of the market economy, and the fall in 1997-1998 caused by the Asian economic crisis in 1997, which reflected the generalized shift of investors from emerging markets, and the Russian financial crisis in 1998, caused by the default of the Russian State Treasury bonds (GKO), when the financial system of the country was practically paralyzed. After those tempestuous changes however, the market became more stable and toward the end of 1999 started steadily rising. The Russian stock market has been analyzed at length in recent years, but mainly from the viewpoint of market efficiency (Rockinger and Urga, 2000, Urga, Estrin and Lazarova, 2001, Urga and Rockinger, 2001, Hall and Urga, 2002). This paper contributes to this growing body of research on transition economies by providing some empirical evidence on the mechanisms at work in the Russian stock market that cause volatility clustering, and the interrelationships between returns, risk, volatility and volume. This analysis, in turn, allows us to answer the question of whether significant differences exist between the findings that have been documented for well-developed Western financial markets and the newly created markets of Eastern Europe, which are emerging as a result of the transition from economic planning to capitalism.
The rest of the paper is organized as follows: Section 2 outlines the MDH hypothesis and presents the structure of the theoretical models. The specification of the alternative models used in the empirical analysis is outlined in Section 3. The empirical results are contained in Section 4. During the period under investigation, the Russian economy, and consequently the Russian stock market, has been subjected to a variety of economic and political shocks, such as the stock market crash of 1997, the Russian financial crisis of 1998, and the political odyssey culminating with the resignations of Yeltsin in 1999. Consequently, we present empirical findings for both the entire period and four sub-periods corresponding to these fundamental events. Section 5 summarizes the main conclusions.
The Mixture of Distributions Hypothesis
According to the mixture of distributions hypothesis (MDH), the innovation on returns  t is a linear combination of intraday returns movements, i.e.:
where  it is the intraday return increment in day t due to information flows arriving into the market and n t is the number of information arrivals within a given day. Each  it is assumed to be an independent identically distributed random variable with mean zero and variance  2 , i.e.  it is N (0,  2 ). Since the number of intraday price increments is random, daily returns follow a mixture of normally distributed random variables with n t as the mixing variable. Thus, according to equation (1) , the daily return r t is generated by a subordinate stochastic process in which r t is dependent on  it and the mixing variable n t is the directing process. Under the assumption that the number of information arrivals n t follows an autoregressive process, i.e.:
where  1 (L) is a polynomial in the lag operator L and u t an error term. The conditional variance of the daily returns can be represented as:
Substituting the autoregressive process in equation (2) into equation (3) yields: (4) illustrates the fundamental feature of the MDH, i.e. that the autoregressive structure of the mixing variable n t is translated into the GARCH structure of the conditional variance of the returns. The more information flows (news) arrive into the market, the more traders will interpret the effects of such information flows differently, and the more they will have an incentive to trade as their expectations on future returns diverge. Following this argument, the GARCH behavior of the daily stock returns is generated by a serially correlated information flow process, where information arrivals can be proxied by the volume of trade (Lamoureux and Lastrapes, 1990), i.e.:
which implies that the conditional variance h t 2 of the daily returns takes the form:
where  1 (L) and  1 (L) are polynomials in the lag operator L, and v t is a measure of trading activity. Equation (6) models the variance of unexpected returns as a GARCH process with daily trading activity v t as a proxy for the number of information flows arrivals but does not differentiate on the type of information flows into the market. A further insight into the MDH can be obtained by assuming that qualitatively different types of information flows cause different innovations in returns. This suggests decomposing  t into positive (good news) and negative (bad news) innovations in daily returns (Depken, 2001 ). This leads to the alternative formulation:
where  t n is the number of positive information flows into the market and  t n is the number of negative information flows into the market on a given day, and, correspondingly,  + it and  -it are the intraday return increments due to good news and bad news on day t. Letting
with
n ) representing positive and negative changes in the trading volume due respectively, to positive and negative news, yields an alternative specification of the conditional variance of the returns:
Model Specification
In order to analyze the GARCH structure of the RTS index return and to test the MDH, we need to specify the mean and variance equations. Researchers have used different specifications for the mean equation, with and without in-mean effects. One of the most common mean equations of returns is the ARCH-M model of Engle, Lilien and Robins (1987) and its immediate generalization, the GARCH-M model, which has been frequently used in empirical studies of stock markets (Elysiani and Mansur, 1998, Black and Fraser, 1995) to model the intertemporal relation between risk and returns. The reported findings on the relationship between risk and returns, however, are somewhat conflicting. Glosten, Jagannathan and Runckle (1993), as well as Nelson (1991), for example, find a negative relationship between risk and returns, while Campbell and Hentschel (1992) conclude that the data are consistent with a positive relation between returns and conditional variance. In addition, in order to carry out our analysis we need to choose a form for the mean equation. Researchers have suggested different specifications. Hentschel (1995) modeled returns as a white noise process. Nelson (1991), as well as Corhay and Rad (1994) , instead, used an AR(1) specification, while Ding, Engle and Granger (1993) used an MA(1) specification. Following Karanasos and Kim (2000), we adopt two specifications for the mean equation: an AR(1) and an MA(1) specification with in-mean effects, resulting in two conditional mean equations of the returns:
In both equations (10) and (11), the conditional variance is allowed to influence the conditional mean, resulting in a time-varying risk premium, which is parameterized as h t 2 , with measuring the relative degree of risk aversion. (12) where ,   , and   > 0, and   +   < 1 to ensure stationarity of the return process and positivity of the conditional variance. The persistence of the conditional variance is measured by the value of   +   . The volatility process becomes more persistent as   +   approaches one. The second specification augments equation (12) by the change in trading volume as an exogenous explanatory variable:
The variance specification in equation (13) incorporates a direct test of the MDH. The test can be performed either by examining the statistical significance of γ, or conducting a likelihood ratio test of (12) against (13). Finally, the third specification decomposes v t into its positive and negative components, respectively:
where D 1, t and D 2, t are dummy variables designed to capture, respectively, the positive and negative components of v t ( D 1, t = 1 when v t > 0 and 0 otherwise and, similarly, D 2, t = 1 when v t < 0 and 0 otherwise). This parametric specification tests the hypothesis that positive and negative changes in trading volume affect asymmetrically the conditional variance of the returns. A test of symmetry of the effects of positive and negative volume can be conducted using a Wald test of equality of γ 1 and γ 2 .
In summary, the two specifications of the mean equation combined with the three specifications of the variance equation yield the following six models: 1) AR(1)-GARCH(1,1) in mean (equations (10) and (12)); 2) MA(1)-GARCH(1,1) in mean (equations (11) and (12)); 3) AR(1)-GARCH(1,1) in mean with volume (equations (10) and (13)); 4) MA(1)-GARCH(1,1) in mean with volume (equations (11) and (13)); 5)AR(1)-GARCH(1,1) in mean with decomposed volume (equations (10) and (14)); 6) MA(1)-GARCH(1,1) in mean with decomposed volume (equations (11) and (14)). The variance specification in equation (12) is a special case of equation (13), with the coefficient on the change in trading volume γ constrained to zero. In turn, the variance specification in equation in (13) is a special case of equation (14), which relaxes the restriction γ 1 = γ 2 . Thus, the AR(1)-GARCH(1,1)-M and MA(1)-GARCH(1,1)-M represent the (restricted) benchmark models, against which the remaining (unrestricted) models can be used to test both the validity of the MDH and the hypothesis of asymmetrical effects.
Empirical Results
For the purpose of empirical analysis, the daily return on the RTS index is defined as r t = 100*ln(RTS t / RTS t-1 ), where RST t denotes the value of the Russian Trading System index at the close of day t. Similarly, the daily change in trading volume is defined as v t = 100*ln(vol t / vol t-1 ) where vol t indicates the total trading volume (denominated in billions of dollars) at the close of day t. Summary statistics for the RTS returns are reported in Table 1 Inspection of Table 1 reveals that the RTS returns behave in a complex manner. The mean of the RTS returns ranges from -0.8085 percent in the second sub-period (after the stock market crash) to +0.2808 percent in the first sub-period (before the crash), even though over the entire period is not significantly different from zero. Similarly, the standard deviation of the RTS returns varies from 4.4509 per cent in the second sub-period to 2.5734 per cent in the forth sub-period (the Putin presidency). As Table 1 clearly indicates, the distribution of the RTS returns is skewed and leptokurtic. Skewness, however, is not significantly different from zero in the second and third sub-periods, based on the standard error computed as (6/N) 1/2 where N is the number of observations. In the first and third sub-periods, instead, the coefficient is significantly different from zero and negative. This finding is similar to what has been found in well-established markets, such the U.S. and the Japanese stock market, where returns display negative skewness (Ding and Granger, 1996) . Excess kurtosis, on the other hand, is significantly different from zero in the full sample as well as in the four sub-periods, based on the standard error calculated as (24/N) 1/2 , suggesting that the distributions of the RTS returns have thicker tails than the normal distribution irrespective of the chosen period. The Jarque-Bera test upholds the non-normality of the returns in both the full sample and each of the four sub-periods. This comes as no surprise, as it is a common finding in empirical work that the distribution of most financial returns is non-normal. Although not reported, the Lilliefors (D), Cramer-von Mises (W2), Watson (U2), and Anderson-Darling (A2) tests further confirm the (unconditional) non-normality of the RTS returns. The LjungBox Q-statistics indicate that the RTS returns are highly serially correlated over the full sample period. However, when the sub-periods are individually considered, a different picture emerges. In particular, the RTS returns show a high degree of serial correlation only in the first and third sub-periods, thus confirming Urga and Rockinger's (2001) findings of parametric instability of the autoregressive component of the returns. The highest positive autocorrelation is observed in the first and third sub-periods, with a first-order autocorrelation coefficient of 0.213 and 0.228, respectively. This indicates that about 5 per cent of the RTS daily returns variation is predictable using only the preceding day's returns. This is contrary to most theoretical models of market efficiency, which generally require returns to be serially uncorrelated, and may be the observed effect of non-synchronous trading, time-varying risk premia, or profit taking (Boudoukh et al., 1994) . The second-order autocorrelation coefficient is not statistically significant, based on Bartlett's standard error, in any of the sub-periods and in the full sample. Although not reported, there are no signs of any consistent higher-order return autocorrelation. The Ljung-Box Q-statistics for the squared returns indicate that higher order moment temporal dependencies are present, even at high lags, which is a sign of ARCH effects (Bollerslev, Chou and Kroner, 1992) . The existence of serial correlation in v t is essential for any test of the MDH, since the MDH implies that serial correlation in v t causes conditional heteroskedasticity in r t , and the Ljung-Box Q-statistics in Table 2 indicate that v t is highly correlated both in the full sample and the four sub-samples. In addition, the Ljung-Box Q-statistics for v t squared suggest the presence of ARCH effects also in v t with the exception of the second sub-period. Finally, Tables 1 and 2 
are invalid in case v t contains a unit root. As these tables clearly indicate, both the ADF and PP tests reject (at conventional levels) the unit root hypothesis, thus providing evidence in favor of stationarity for both r t and v t .
The results of the estimation of the benchmark models are presented in Tables 3 and 4 . Parameter estimates are quasi-maximum likelihood estimates obtained by means of the Marquardt algorithm. The heteroskedasticity consistent standard errors in parenthesis are computed using the methods described by Bollerslev and Woolridge (1992) . Clearly, the conditional mean equation estimated over the entire period shows signs of misspecification regardless of its parametric specification. The Ljung-Box Q statistics indicate that both the AR(1) and MA(1) models have significant autocorrelation in the standardized residuals. There are probably several sources that account for this misspecification, one of which is likely to be related to the parametric instability of the model, as shown by Urga and Rockinger (2001). This conjecture is confirmed by the parameter estimates in each of the four sub-periods. As with the autocorrelations, the AR parameter ф 1 is statistically significant in the first and third subperiods, but is not significant in the second and fourth sub-periods. Similarly, the MA parameter  1 is significant only in the first and third sub-periods, and its value is very close to the AR parameter. Thus, there is evidence of significant predictability in the returns in the first and third sub-periods, but there is no evidence of predictability in the second and fourth sub-periods.
In each of the sub-periods, the coefficients of α 1 and β 1 are significant at the 0.01 level, and the persistence of the conditional variance, as measured by the sum of α 1 and β 1 , is very high, ranging from 0.86 in the third subperiod to 0.99 in the first one, implying that a shock to the conditional variance persists almost indefinitely. Alternatively, the "half-life" of a shock, that is, the time that the conditional variance takes to revert halfway to its unconditional value, ranges approximately from 5 days in the third sub-period to 70 days in the first sub-period. In addition, in each of the four sub-periods, irrespective of the mean equation specification, the Ljung -Box Q-statistics indicate that the standardized residuals and squared standardized residuals are uncorrelated. The Jarque-Bera normality test statistics of the standardized residuals for both models are far beyond the critical value of a normal distribution, as assumed by both models. This is not surprising since there are other factors affecting the volatility. It is also not a substantial problem since, conditionally, normality permits excess kurtosis in the data. A problem, however, is present with the parameter estimate of the time-varying risk premium. According to portfolio theory, the parameter δ should be positive and statistically significant. Yet, all estimated models indicate a statistically insignificant (at conventional levels) relationship between risk and return, which is another possible sign of misspecification. Alternatively, another plausible explanation for the insignificance of the estimates of δ is the high level of noisiness of the realized returns. If this is the case, the inclusion of a variable, such as v t , in addition to the conditional volatility, which is correlated with r t , may lead to an improvement in the efficiency of estimation of the parameter δ. Tables 5 and 6 report the relevant parameter estimates and related statistics for the models AR(1)-GARCH(1,1)-M and MA(1)-GARCH(1,1)-M with the change in volume as the additional regressor in the variance equation. As the tables clearly indicate, this specification is successful in explaining the persistence in conditional variance. The parameter γ is positive and significant at the 0.01 level in both the AR(1) and MA(1) specification of the conditional mean, and for both the full sample period and the four sub-periods. Two important differences, however, are apparent between the results of the full sample and those of the four sub-periods. The first is that the results for the four sub-periods show no evidence of serial correlation in the residuals. The second is that the persistence in conditional volatility remains very high in the full sample. A completely different picture, instead, emerges in the four sub-periods. In the case of the AR(1) specification, the addition of v t has the effect of sharply decreasing the estimates of α 1 and β 1 with the result that the persistence in conditional volatility shows a declining pattern, going from 0.79 in the first sub-period to 0.61 in the last one. This has the effect of reducing the "half-life" of a shock to approximately 1 to 3 days. Similar results are obtained using the MA(1) specification of the mean equation. These findings provide clear evidence in favor of the MDH. A similar conclusion is obtained from the Akaike information criterion (AIC) and the Schwarz-Bayes information criterion (SIC), as well as from the loglikelihood function, all of which indicate that the GARCH(1,1) in mean with volume is superior to the GARCH(1,1) in mean only. The persistence effects, however, do not vanish. One plausible explanation for this is that the intraday increments are not independent identically distributed but serially correlated, as one would probably expect as a result of some degree of sluggishness inherent to any newly established markets. This implies that measures of lagged changes in trading volume, in addition to the current change, may have an impact on volatility. This hypothesis, however, will not be explored in this paper.
Interestingly, regardless of the mean equation specification, the parameter estimates for γ increase significantly after the stock market crash, approximately from 0.02 to 0.10, as does risk aversion, because the parameter estimate for δ also significantly increases, while the predictability of the returns significantly diminishes. This indicates a greater investors' alertness to risk and information flows to the market as well as an increased market efficiency after the stock market crash. It thus appears that as a result of stock market catastrophe of October 28, 1997, investors have learned to better process the flows of information arriving to the market and better assess its risk content. Also, the relationship between returns and time-varying risk premium turns out to be significant. Risk, as predicted by portfolio theory, has a positive impact on returns. This clearly arises from the significance of the information content of trading volume, which affects returns through volatility: increases in volatility increase risk which in turn increases returns. It is thus clear that trading volume has both a direct effect on volatility and an indirect effect on returns, confirming the hypothesis that information flows arriving in the market, and proxied by the trading volume, affect both risk and returns. Consequently, it appears that it is new information arrival to the market, rather than uncertainty, which determines risk.
The declining pattern of conditional volatility becomes more pronounced when the assumption γ 1 = γ 2 is relaxed. The relevant parameter estimates and related statistics are presented in Tables 7 and 8 . Both γ 1 and γ 2 are positive and significant at the 0.01 level. A Wald test for symmetry of the effects of positive and negative changes in volume rejects the variance specification proposed by Lamoureux and Lastrapes (1990) in the last two sub-periods, where the decomposition of volume captures more of the persistence of variability apparent in the data than does volume alone. In the two sub-periods where the Wald test rejects the symmetry hypothesis, the results indicate that, contrary to the findings for developed, highly liquid stock markets in Western industrial countries, positive changes in volume have a greater impact on volatility than negative changes. In addition, the decomposition of the trading volume alters the size but not the statistical significance of δ, and does not affect the predictability pattern of the returns, which remains as significant in the first and third sub-periods as it was when volume was not decomposed.
Conclusions
This research has tested the validity of the MDH for the Russian stock market using a GARCH(1,1)-M representation of the RTS returns. The findings lend support to the MDH, since volume is significantly positive in the variance equation, and the sum of the GARCH coefficients decline substantially. Volume, taken as a proxy for the information flows arrival to the market, is found to affect directly the relationship between information flows and volatility, and indirectly the relationship between volatility and returns. The incorporation of volume in the variance equation gives rise to a positive and significant the risk-return relationship, as theorized by portfolio theory, and helps to explain the presence of GARCH effects in the RTS returns, as theorized by the mixture of distribution hypothesis. In addition, the decomposition of the change in trading volume into its positive and negative components further contributes to the impounding of the GARCH effects, as predicted by the modified version of the mixture of distribution hypothesis, without altering the risk-return relationship. Thus, the results of the analysis highlight that even in an emerging and turbulent market like the Russian stock market, risk and return are jointly integrated to the flow of information arrival. 
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